In this paper, a maximum likelihood estimator of population divergence time based on the infinite sites model is developed. It is demonstrated how this estimator may be applied to obtain maximum likelihood estimates of the topology of population phylogenies. This approach addresses several classical problems occurring in the inference of the phylogenetic relationship of populations, most notably the problem of shared ancestral polymorphisms. The method is applied to previously published data sets of human African populations and of Caribbean hawksbill turtles. ]
INTRODUCTION
In recent years, the genetic analysis of population subdivision has undergone dramatic development. Phylogenetic approaches have been championed by numerous authors (Vigilant et al., 1989; Slatkin and Maddison, 1990; Mountain and Cavalli-Sforza, 1994; Patton et al., 1994; Templeton et al., 1995) . Perhaps the most notable application of phylogenetic approaches is the analysis of the divergence of human ethnic groups out of Africa (Vigilant et al., 1989; Watson et al., 1996) . In this type of analysis a gene genealogy is estimated and conclusions regarding migration and divergence between populations are inferred from the estimated gene genealogy. One of the most serious challenges in this type of analysis is the potential lack of concordance between population phylogenies and gene genealogies even in the absence of migration between the populations. The branching pattern in a gene genealogy consisting of genes sampled from several populations may be caused both by divergence between the genes after the time of population separation and by divergence before the time of population separation. This problem of shared ancestral polymorphisms has, in certain parts of the literature, been termed lineage sorting (see, for example, Avise, 1994) . The problem of shared ancestral polymorphisms may be relevant not only within species but also between species. For example, the difficulty in determining the branching pattern of humans, chimpanzees, and gorillas (see for example Horai et al., 1992) may very well reflect that a large proportion of the divergence between individuals occurred in the time before speciation. Several authors have attempted to account for the effect of shared ancestral polymorphisms. Simple probabilistic arguments based on coalescent theory have been used to assess the probability of disconcordance between population phylogeny and gene-genealogy (Takahata, 1989; Wu, 1991; Hudson, 1992) . However, a more appropriate approach would be to estimate the parameters of the underlying demographic process directly. For example, if one is interested in the divergence time between populations, this time should be estimated directly instead of estimating the coalescence time of the gene genealogy and then subsequently relating these estimates to the divergence times of the populations. Obtaining a direct estimate of population divergence times requires integration over all possible coalescence times and topologies of the gene genealogies. One of the reasons why such an analysis has not been performed is that no analytical tools have been previously available for performing such integration. However, recent computational advances in population genetics have made this type of analysis tractable (Kuhner et al. 1995, Griffiths and Tavare , 1994a, b) . In this paper, a maximum likelihood method for directly estimating the divergence time of populations under the infinite sites model is presented. It is shown how this approach leads to a method for estimating population phylogenies. In the applications section, the population divergence times of two human populations from Africa are estimated using a previously published data set of human mitochondrial DNA. In addition, the population phylogeny of three populations of hawksbill turtles is estimated using previously published data.
THE METHOD OF GRIFFITHS AND TAVARE IN THE ONE-POPULATION CASE
Before embarking on the analysis of multiple populations it would be useful to first review some of the results and terminology applied in the method of estimating of %=4N+ (where + is the mutation rate in the entire haplotype and N is the population size) described by Griffiths and Tavare (1994a, 1995) . Subsequently, it will be shown how this methodology can be applied in the estimation of parameters of the demographic process for multiple populations.
In the following, we will assume that the divergence within a population follows Kingman's coalescent process (Kingman 1982 , see Tavare 1984 or Hudson 1991 for a review). This implies, among other assumptions, that we assume random mating, selective neutrality between genes and a constant population size. However, as demonstrated by Griffiths and Tavare (1994) , changes in population size can easily be incorporated into the model. We will further assume that the mutational process follows an infinite sites model (Kimura, 1969) . This implies that multiple mutations in the same nucleotide site are not allowed. The sample of haplotypes, under the infinite sites model, can be represented by a matrix of binary characters since only one mutation can occur in each site. For example, had we obtained a sample from a single population consisting of 5 haplotypes containing 4 variable sites: where n is a vector containing the counts or multiplicities of each haplotype (type of haplotype). The quantity we are interested in obtaining is the likelihood of %, that is, the probability of observing our particular sample of ordered haplotypes given %. Denote this probability p(S, n). To obtain an expression for this probability we will consider the genealogical history of the haplotypes. We will sum over all other possible ancestral samples at a previous time which by one mutation or one coalescence event could be transformed into the present sample. In order to do this some notation must be introduced.
A sample in which a coalescence event just occurred between haplotypes of the k th type is given by (S, n&e k ) where e k is a unit vector that subtracts 1 from entry k of n. If the last event was a mutation, there are two possibilities. If the mutation originally happened in a haplotype with only one copy in the sample, then the sample before the mutation is given by (S l , n), where S l denotes a matrix identical to S but with the l th column removed corresponding to the elimination of one segregating site. If the mutation occurred from a haplotype ( j) with multiple copies in the sample, then the sample before mutation is given by (S kl , n k +e j ), where S kl denotes a matrix identical to S but with column l and row k removed and n k denotes a vector identical to n but with entry k removed. This corresponds to eliminating the one segregating site that distinguished haplotype k from haplotype j. Now, note that conditional on either a mutation or coalescence event occurring, the probability that it was a coalescence event is n&1 n&1+% and the probability that it was mutation is % n&1+%
where n is the sample size.
Under the infinite sites model, mutations to previously existing haplotypes (back mutations) are not allowed. Thus, mutations can have occurred as the most recent event only in haplotypes of multiplicity 1. The probability of a mutation in haplotype k (n k =1) is 1Ân, where n k is the multiplicity of haplotype k. Likewise, the probability of a coalescence event in haplotype k (n k >1) given a coalescence occurred is n k (n k &1)Ân(n&1). Now, by summing over all possible previous states in the genealogy we obtain the following recursion (Griffiths and Tavare , 1995) . The first sum (the coalescence case) is over all haplotypes with multiplicities larger than one, i.e.,
The second sum (mutation from a single copy haplotype) is over all haplotypes with multiplicities 1 that differ from all other haplotypes by at least two mutations and that contain a site with a unique mutation, i.e.,
where e c k is the complement of e k , s i is the i th row of S and s . l is the l th column of S. The third sum (mutation from a multiple copy haplotype) is over haplotypes with multiplicities 1 that contain a site that differs from all other haplotypes and which is indistinguishable from another haplotype except for this site, i.e.,
As an example, assume that the following sample was observed:
For a more rigorous derivation of Eq. (1) consult Ethier and Griffiths (1987) which provide a treatment of sample probabilities under the infinite sites model using measure theory. Hudson and Kaplan (1986) derived a similar recursive equation for the infinite alleles model. Eq. (1) first appeared in the exact form presented here in Griffiths and Tavare (1995) . Note that in theory, p(S, n) can be calculated directly from this recursion by iteration and by specifying the boundary condition (Watterson, 1975) where p(2, m) is the probability of obtaining a particular sample of two haplotypes with m segregating sites. However, for samples of sizes larger than 15 20, the number of possible states in the recursion is so large that a direct evaluation is not computationally possible. Instead, the Markov chain Monte Carlo approach by Griffiths and Tavare (1994a , 1994b can be applied to provide estimates of p(S, n). Griffiths and Tavare (1995) developed a method for evaluating recursion similar to Eq. (1) and applied the method to evaluate the probabilities of unrooted trees. The derivation of a Markov chain Monte Carlo approach for Eq. (1) follows trivially from the derivation for the tree probabilities given by Griffiths and Tavare (1995) since it only involves a slight change in state space. Sequences under the infinite sites model can simply be interpreted as unrooted genealogical trees, with possible multifurcations in cases where the data do not allow distinction between different alleles (lineages).
By defining a Markov chain with the same state space as the recursion (Eq. (1)), one may evaluate p(S, n) by evaluating only a subset of all possible paths in the recursion. Paths are chosen by simulating along the Markov chain. In particular, by defining a function
where v is given by
and |[...]| indicates the size of a set, and a Markov chain with the following transition probabilities (S, n) Ä (S, n&e k ) with probability
where the conditions under which transitions of the three types are allowed, is provided by k # Z 1 , k # Z 2 , and k # Z 3 , respectively. Repeated simulation of the Markov chain until hitting the absorptive state (n=2) provides an estimate of p(S, n)
where v is the number of simulations performed, ' is the random number of states the chain visits until the absorbing state (n=2) is hit, p(2, m(')) is the number of segregating sites between the two remaining haplotypes at time ' and f (S(i ), n(i) is the value of f (S, n) at the i th state the Markov chain visits. A proof of this result will not be provided here. Readers interested in the derivation should consult Griffiths and Tavare (1994a, b) .
TWO POPULATIONS
The aim of this section is to derive a method for evaluating the likelihood function for two populations that diverged some time (T ) in the past. T refers here to the scaled time, that is, the divergence time measured in generations divided by the effective populations size. In the two population case we also denote the matrix of haplotypes by S but there are now two vectors n 1 and n 2 , containing the multiplicities of the haplotypes in population 1 and in population 2, respectively. Also let S(T&), n 1 (T&), and n 2 (T&) denote the particular values of S, n 1 and n 2 , respectively, in the ancestry at time right before T and S(T+), n 1 (T+) and n 2 (T+) right after T, looking forward in time (Fig. 1) . Then, the probability of obtaining a particular sample of haplotypes from two populations is given by 
where p 2 denotes the probability of observing a two population sample. Notice that the sum is over all possible values of (S(T+), n 1 (T+), n 2 (T+)) that could lead to a sample of (S, n 1 , n 2 ). If both the haplotypes and the two populations are ordered, no combinatorial factor is involved when considering the events at the time of population divergence. Therefore
This probability provides the likelihood function of the population divergence time (T ). It was previously shown how to estimate p(S, n). It remains to be demonstrated how to calculate p 2 (S, n 1 , n 2 | S(T+), n 1 (T+), n 2 (T+)) and perform the summation over all possible values of (S(T+), n 1 (T+), n 2 (T+)). In order to develop such a method we need to provide a recursive equation for the probability of obtaining two particular samples from two different populations given that the two populations diverged from a common population some time T ago and given that the last mutation or coalescence in the genealogy of the genes happened at a time { in the past, where {<T. Notice that since both the time to coalescence and the time to a mutation are exponentially distributed, the relative probability of observing a mutation or coalescence is independent of T. In fact, the relative rate argument still normally applied in coalescence models still holds when conditioning on the time of the next event. The reason for this is that P(x<y | min(x, y)=T )=(aÂ(a+b)), where x and y are exponential random variables with rates a and b. Now for t<T, coalescences occur with rates (n 1 (n 1 &1)Â2 and n 2 (n 2 &1)Â2 and mutations occur with rate (n 1 +n 2 ) %Â2, assuming the population sizes are constant. Let f ({) be the density function of an exponential random variable with parameter [n 1 (n 1 &1)+n 2 (n 2 &1) +(n 1 +n 2 ) %]Â2 and let F ({) be the corresponding CDF. For {<T, { is the time to the next coalescence event or mutation looking back in time. If { T, no coalescence events or mutations happened before T. This event will occur with probability 1&F (T ). In that case,
Conditional on {<T, we arrive at the following equation
= n 1 (n 1 &1+%)+n 2 (n 2 &1+%)
where n ik is the multiplicity of haplotype k in population i and n i is the size of the sample from population i. This equation follows from precisely the same arguments provided when establishing the one population recursion. However, now four events are possible; a coalescence in population 1, a coalescence in population 2, a mutation in population 1, or a mutation in population 1. Again, haplotypes can only be newly mutated if they have multiplicity 1 in the entire sample (population 1 and population 2). Therefore the set Z 1i is given by
Likewise, Z 2i and Z 3i is given by
and
Notice that we can use Eq. (6) and Eq. (7) to write
This expression suggests that p 2 (S, n 1 , n 2 | T ) can be evaluated by Monte Carlo integration in a simulation scheme similar to the one devised in the one-population case by Griffiths and Tavare (1995) . Analogous to the one-population case, Markov chain Monte Carlo simulations can be performed along Eq. (7) by specifying the following transition probabilities (S, n 1 , n 2 ) Ä (S, n 1 &e k , n 3&i ) with probability n ki (n ki &1) f(S, n 1 , n 2 )(n 1 (n 1 +%+1)+n 2 (n 2 +%+1)) (S, n 1 , n 2 ) Ä (S l , n 1 , n 2 ) with probability % f(S, n 1 , n 2 )(n 1 (n 1 +%+1)+n 2 (n 2 +%+1)) (S, n 1 , n 2 ) Ä (S kl , n i +e j , n 3&i ) with probability % f(S, n 1 , n 2 )(n 1 (n 1 +%+1)+n 2 (n 2 +%+1)) (9) where the conditions under which transitions of type 1, 2 and 3 are allowed are provided by Z 1i , Z 2i and Z 3i respectively and f 2 (S, n 1 , n 2 ) is defined as
While simulating along this Markov chain, time is kept track of by summing up deviates from the exponential distribution, i.e., the time to k th mutation or coalescence event is given by t= k i=1 t i where t i is obtained by simulating an exponential distribution with parameter (n 1 (n 1 &1)+n 2 (n 2 &1)+%(n 1 +n 2 ))Â2 if there were n i copies of the gene in population i at time t (i&1) . Now, simulations can be performed along this Markov chain until t T. Denote the configuration of the sample at time t by (S(t), n 1 (t), n 2 (t)). Then
& which suggest the following estimator of p 2 :
In other words, the likelihood function of T can be evaluated by performing simulations of the Markov chain given by Eq. (9) while t T and along the Markov chain given by Eq. (3) when t>T while evaluating f 2 (S, n 1 , n 2 ) and f (S, n) before and after T respectively. Boundary conditions are given by p(2, m) if t>T. While t T, boundary conditions are obtained by taking the convolution of the distribution of the number of segregating sites which arose while the populations are isolated and the number of segregating sites which arose in the time before isolation. In particular (Mathematica, 1988) , where F is the generalized hypergeometric function.
MULTIPLE POPULATIONS
Analogous to the two population case, a method for estimating the likelihood of an entire population tree with specified divergence times can be established. For r populations, a vector of population divergence times T=(T 1 , T 2 , ..., T r&1 ) is constructed such that the first entry specifies the time from the present where population 1 and population 2 merges, the second entry specifies the divergence time for population (1, 2) and 3, etc. The quantity of interest is the conditional probability of obtaining a set of samples from multiple populations given a specified topology of the population tree and the population divergence times (T). Equations equivalent to Eqs. (3) and (7) can easily be established. For example, the conditional probability of observing a set of samples from r populations, given that the last mutation or coalescence happened at time { before the last population divergence time (looking backward in time), is given by
The Markov chain Monte Carlo method for estimating the likelihood follows trivially from the derivation provided for two populations and will not be derived here. Note however, that the likelihood is evaluated by simulations through a Markov chain backwards in time until all populations have merged into one ancestral population. By evaluating the likelihood for different population trees, the maximum likelihood tree can be found just as in the case of single sequence phylogenetic inference.
APPLICATIONS
Two applications of the methods developed here will be presented. First, a maximum likelihood estimate of the divergence time between two African human populations will be obtained. Second, the population phylogeny of three Caribbean turtle populations will be estimated.
There has been considerable interest in the divergence of human populations in Africa (Vigilant et al., 1989; Watson et al., 1996; Tishkoff et al., 1996) . One of the reasons for this interest is that the ancestral human population can probably be traced to Africa. As an illustration of the methods for estimating population divergence times, the divergence time between the Mbuti population (formerly known as the eastern pygmies) and the Biaka population (formerly known as the western pygmies) will here be estimated. For this purpose previously published DNA sequences of the mitochondrial D-loop region from the two populations were obtained from GenBank (Mbuti: HUMMTDL073, HUMMTDL072,  HUMMTDL071, HUMMTDL070, HUMMTDL069,  HUMMTDL068, HUMMTDL067, HUMMTDL066,  HUMMTDL065, HUMMTDL032, HUMMTDL031,  HUMMTDL030, HUMMTDL006, HUMMTDL005,  HUMMTDL004  and  Biaka:  HUMMTDL047,  HUMMTDL046, HUMMTDL045, HUMMTDL044,  HUMMTDL043, HUMMTDL042, HUMMTDL041,  HUMMTDL040, HUMMTDL039, HUMMTDL038 , HUMMTDL037, HUMMTDL002, HUMMTDL001). The sequences were aligned by ClustalV. Sequences with missing data were subsequently deleted. Likewise, sites with ambiguous alignment were also removed. The methods discussed above assume an infinite sites model. This implies that only one substitution is allowed to occur in each nucleotide site. However, the set of haplotypes discussed above is not consistent with the infinite sites model. In fact, certain parts of the D-loop region are rather saturated with substitutions. A binary data set, consistent with the infinite sites model, was therefore obtained from the aligned sequences by only considering transversional changes. The resulting data set is fully compatible with the infinite sites model (Table I ).
The population size of the Mbutis and the Biakas appear to be almost the same. Both populations today consist of approximately 30,000 individuals. Furthermore, there is no evidence of changes in the effective population size from the demographic data or from the . Likewise, comparable levels of heterozygosity in the two populations also suggest that the effective population size is approximately the same (see, for example, Vigilant et al., 1989) . Therefore, in the following it will be assumed that % (four times the effective population size times the mutation rate) for the Mbuti population is the same as % for the Biaka population. There are therefore only two unknown parameters to estimate: T and % (where T is the divergence of the two populations divided by the effective population size). The likelihood for different values of T and % was evaluated by performing 1,000,000 runs through the Markov chain (see above). The maximum likelihood values for % and T were estimated to 0.9 and 1.8 (l=&43.3) respectively. Assuming an effective diploid population size of 1,000 would then imply that the total rate of transversions in the D-loop region is approximately 0.00045. More importantly, the divergence time of the two populations would be approximately 1.800 generations. Assuming a generation time of 20, this translates into 36,000 years. Another application of the method is the estimation of population phylogenies. This type of application will be demonstrated on a previously published data set on the Caribbean hawksbill turtle (Table II) . Bass et al. (1996) collected data of the mitochondrial DNA control region of the Caribbean hawksbill turtle in order to test hypotheses on female nest site choice. They observed a high degree of isolation between different reproductive populations. Data from 3 populations (Table II) is applied here to provide an estimate of the population phylogeny of the three populations. As in the two-population case, it is assumed that all three populations, as well as the ancestral populations, have the same value of %. The method described above can now be applied to estimate the likelihood for different values of % and the two population divergence times (T 1 and T 2 ) for each of the three rooted population phylogenies. As in normal phylogenetic inference, the phylogeny with the highest likelihood is said to be most supported by the data. Notice that it is not obvious which population phylogeny is most supported by the data (Fig. 2a) . Only the USVI (U.S. Virgin Islands) and the Barbados populations share a haplotype. Based on haplotype sharing measures these two populations should therefore be grouped together. However, the average number of nucleotide differences between the Mexican and the USVI population is much less than in any other comparison (Table II) . Measures based on this type of information would therefore group the USVI and the Mexican population together. These two approaches differ in that the first approach assumes that the effect of mutation is negligible whereas the second type of approach assumes that
The maximum parsimony tree of the haplotypes shown in Table 2 and (b) the estimated population phylogeny using the coalescent likelihood approach. Notice that the parsimony tree provides no resolution of the relationship between populations. The number in front of the population name indicates how many of the particular haplotype are found in the population. genetic drift is of little importance. Which approach is the most reasonable depends on assumptions regarding the relative effect of mutation and drift. In contrast, the likelihood method introduced here applies all of the information in the data and accounts for both drift and mutation.
In order to estimate the population phylogenies, 1,000,000 runs through the Markov chain were performed for each value of T 1 , T 2 , and %. A full search was completed for the three parameters for each of the population phylogenies. For the three population phylogenies (Mexico, (USVI, Barbados)), (USVI, (Mexico, Barbados), and (Barbados, (USVI, Mexico), maximum likelihood values of &44.5, &44.8, and &43.9, respectively, were estimated. The maximum likelihood values of T 1 and T 2 were approximately 0.75 and 1.0 (Fig. 2b) . In other words, this method will group the USVI and the Mexico populations together. In this case, the results obtained by methods based on haplotype sharing would differ from the maximum likelihood solution. Notice that the maximum likelihood method is this case provides a unique estimate of the population phylogeny whereas methods based on haplotype trees provide no resolution and methods based on allele sharing would reach the wrong conclusion. However, also notice that the likelihood values differ only slightly. Obviously, there is only little information in this data set regarding the population phylogeny.
DISCUSSION
There are several advantages to the presented methodology. It allows maximum likelihood estimates of population divergence times with corresponding confidence intervals to be obtained. This in return solves the problem of ancestral polymorphisms while applying all of the information in the sample regarding the population phylogeny. The maximum likelihood method provides a unique estimate of the population phylogeny taking account of both mutation and drift. Other methods rely on assumptions regarding the relative effect of mutation and drift.
However, there are also several problems with this methodology. At the present stage the method is only implemented for the infinite sites model. Most data sets do not immediately conform to this model. This problem is richly illustrated by the analysis of the human mitochondrial DNA discussed above in which only transversional differences were considered. The method could, in principle, be implemented for finite sites models of DNA evolution (see, for example, Griffiths and Tavare , 1994a , and the corresponding program SEQUENCE). Unfortunately, such models would most likely increase the computational time drastically. Since the method, even at the present stage, is computationally intensive it does not seem to be immediately feasible to perform this type of analysis for a finite sites model. However, for closely related populations where the data does conform to the infinite sites model, the presented method provides a strong alternative to classical approaches in the analysis of population divergence in models without migration.
